Abstract PURPOSE: To build and validate a radiomics-based nomogram for the prediction of pre-operation lymph node (LN) metastasis in esophageal cancer. PATIENTS AND METHODS: A total of 197 esophageal cancer patients were enrolled in this study, and their LN metastases have been pathologically confirmed. The data were collected from January 2016 to May 2016; patients in the first three months were set in the training cohort, and patients in April 2016 were set in the validation cohort. About 788 radiomics features were extracted from computed tomography (CT) images of the patients. The elastic-net approach was exploited for dimension reduction and selection of the feature space. The multivariable logistic regression analysis was adopted to build the radiomics signature and another predictive nomogram model. The predictive nomogram model was composed of three factors with the radiomics signature, where CT reported the LN number and position risk level. The performance and usefulness of the built model were assessed by the calibration and decision curve analysis. RESULTS: Thirteen radiomics features were selected to build the radiomics signature. The radiomics signature was significantly associated with the LN metastasis (Pb0.001). The area under the curve (AUC) of the radiomics signature performance in the training cohort was 0.806 (95% CI: 0.732-0.881), and in the validation cohort it was 0.771 (95% CI: 0.632-0.910). The model showed good discrimination, with a Harrell's Concordance Index of 0.768 (0.672 to 0.864, 95% CI) in the training cohort and 0.754 (0.603 to 0.895, 95% CI) in the validation cohort. Decision curve analysis showed our model will receive benefit when the threshold probability was larger than 0.15. CONCLUSION: The present study proposed a radiomics-based nomogram involving the radiomics signature, so the CT reported the status of the suspected LN and the dummy variable of the tumor position. It can be potentially applied in the individual preoperative prediction of the LN metastasis status in esophageal cancer patients.
Introduction
Esophageal cancer (EC) is the eighth most common malignancy in the world and the incidence is rapidly increasing [1, 2] ; it is associated with an overall 5-year survival rate of 5% to 20% [3] [4] [5] . Surgery remains the only curative treatment with a 5-year survival rate of 34-36% for resectable EC treated with surgery alone, especially for early stage patients [6] . The overall 5-year survival rate after surgery is 70-92% for EC patients without nodal involvement, but only 18-47% for EC patients with lymph node metastasis [7, 8] .
Surgery approach is dependent on the location of lymph node involvement. The left thoracic approach (Sweet procedure) has merits of a single incision and adequate exposure of the hiatus, but provides insufficient lymphadenectomy in the upper mediastinum. On the contrary, the right thoracic approach (Ivor Lewis procedure) aims to improve the survival by offering a more extended radial lymphadenectomy. Significantly better 3-year DFS and OS rates among patients who received right thoracic esophagectomy were found, as compared with left thoracic esophagectomy. These benefits were only seen in patients with lymph node involvement and/or positive resection margins, and not in patients without lymph node involvement and negative resection margins [9] .
Although the 7th edition of UICC TNM staging has modified the scoring system, it still remains many controversies on the accuracy and reliability of the nodal portion of the TNM staging system. Since some potentially relationships between the critical prognosis information and lymph node (LN) status were omitted [10] . Currently available imaging techniques, endoscopic ultrasound (EUS), Computed tomography (CT), Endobronchial ultrasound (EBUS), 18F-fluorodeoxyglucose positron emission tomography (FDG-PET), and FDG-PET/CT, all have their limitations, and suboptimal imaging quality often leads to an incorrect assessment of regional lymph node involvement [11] . Currently, there are no acceptable guidelines for upstaging the nodal status even though the immunohistochemical analysis has detected the micrometastases.
CT is the most common imaging modality and has a good description of EC tumors. However, identifying the LN metastasis status of EC in CT images is a challenging and meaningful work. Driven by the "big-data" trend, "radiomics" was proposed and then developed rapidly [12] . Because of its non-invasive and low-cost properties, "radiomics" could be regarded as a proper approach for pre-diagnosis assistance. "Radiomics" converts medical images into abstract numerical features, and uses data-mining algorithms for Figure 1 . The common process of a radiomics approach. (a) The feature extraction phase, reading the raw DICOM format clinical data and working out the lesion region. All radiomics features will be calculated on those segmentations; (b) the feature analysis phase: select the refined features and build the "radiomics signature"; and (c) the statistical analysis phase: build and assess the nomogram.
analysis. It is desirable to quantify the clinicians' years of experience as a valuable reference [13, 14] . It is also known that "radiomics"-based signatures as biomarkers have correlations with clinical stages, LN metastasis, and tumor heterogeneity [15, 16] . Radiologists and clinicians started to pay attention and welcome "radiomics" approaches and conclusions in many diseases including CL [17, 18] .
In this study, we aim to build and validate a radiomics-based nomogram involving radiomics signature and radiological observation factors for the individual prediction of LN metastasis in preoperative esophageal cancer patients. Figure 1 illustrates the flowchart of the research sequence.
Materials and Methods

Patients
In the present study, we enrolled 197 patients with esophageal cancer between January 2016 and May 2016. We collected their pre-treatment CT images and pathologically confirmed the lymph node metastases status. The inclusion criteria we followed are: (a) patients who had collected CT images before any treatment; (b) patients who received lymph node dissection 15 days after the first CT acquisition; and (c) patients who had pathologically confirmed LN metastasis results after the operations. In order to guarantee the consistency of CT and pathological results, 15 days is our criteria because overdue CT images may not reveal the postoperative pathology. The exclusion criteria we followed are: (a) patients who were under 18 years of age; (b) patients who had further treatment (like radiotherapy and chemotherapy); (c) patients who had treatment in other institutes and (d) histological grade was unconfirmed.
Patients were divided into two individual cohorts for the cut-off date of March 31, 2016 . The training cohort consisted of patients in the first three months (January to March 2016). The remaining patients (in April to May 2016) formed the validation cohort. Patients' pathological classification, clinical T and N stages were collected from pathological reports directly. We also collected CT reports of the enrolled patients. We extracted the number of metastatic LN and the tumor position in CT reports. Here we defined the semantic feature of the tumor positions depending on the degree of risk (0, 1, and 2 as the lesions in the upper, middle and lower parts of the thoracic esophagus in anatomy). All CT reports were confirmed by two level radiologists' reviews.
Image Acquisitions and Tumor Segmentation
We acquired our images from the Department of Radiology at Henan Cancer Hospital between Jan 2016 and May 2016. We performed the contrast-enhanced CT of Chest on every patient after a 50s delay following intravenous administration of 90 ml of iodinated contrast material (Ousu, Yangtze River Pharmaceutical, Taizhou, China) at a rate of 3.0-4.0 ml/s with a pump injector (Spectris Solaris EP; One Medrad Drive Indianola, PA, USA). Three multi-detector row CT (MDCT) systems were used for acquisition: Phillips 256 iCT, Phillips Medical System; Bright speed 16-slice CT or light speed Pro 32-slice VCT, GE Medical systems, USA. The acquisition parameters were set as follows: 110-120 kV; 168-324 mA; 0.5 or 0.4 s rotation time; detector collimation: 64 × 1.25 mm or 64 × 0.625mm or 16 × 1.25mm or 32 × 1.25mm; field of view, 500 × 500mm; matrix, 512 × 512. Contrast-enhanced CT was performed. All CT images were reconstructed with a standard kernel. These CT images were retrieved from the picture archiving and communication system (PACS) (Neusoft v5.5.60801, Shenyang, China).
Radiologists with over 5 years of experience examined each layer of the patients' CT data. In China, radiologist with over 5 years of experience can have the right to check the report. We performed the manual segmentation of the esophageal tumor on each patient's CT images. We introduced "ITK-SNAP" for this task (www.itksnap.org) [19] . ITK-SNAP is an open-source and free software application used to segment structures in 3D medical images. Two radiologists with more than five years of experience in interpreting chest radiology outlined all of the tumor regions in each patient's CT image layer ( Figure 2 ). These regions of interests (ROIs) would be used in subsequent feature extraction for further analysis.
Radiomics Feature Extraction
Radiomics feature extraction was based on the segmentation results from the previous section. We implemented the calculation through our homemade Matlab scripts (Matlab 2014b, Mathworks, USA). Features included certain categories: first-order histogram statistics, Gray-Level Co-occurrence Matrix (GLCM), Gray-Level Run-length Matrix (GLRL), Fractal Dimensions, and wavelet filtered GLCM and GLRL [20] [21] [22] . A total of 788 features were extracted, which covered the major high-throughput radiomics features of current studies. The details of the radiomics features calculation can be found in the Supplementary Doc. S1.
Radiomics Signature Building
We built the radiomics signature with selected features on the training cohort. The feature selection approach we adopted was the "elastic-net", which is a combination and expansion of the least absolute shrinkage selection operator (LASSO) and the Ridge Regression [23, 24] . To screen out the effective and predictable features from high dimensional feature space, ten-fold cross validation was used in the parameters tuning of the "elastic-net". We exploited the logistic regression model to build the radiomics signature for each patient. The radiomics signature is a linear combination of selected features with respective weights, which would be calculated as a factor (radiomics score, Rad-score) for the further prediction model. The assessment method of the logistic regression model is the receiver operating characteristic curve (ROC) and its area under the curve (AUC).
Nomogram Building
The nomogram with the predicting model was based on the multivariable logistic regression analysis. The following candidate factors: CT-reported LN status (dichotomized variable: "0" for no metastasis, "1" for metastasis), CT-reported positions (dummy variable: "0", "1" and "2") and Rad-scores were involved in a diagnostic model for predicting LN metastasis. The nomogram is a graphical representation of this prediction model in the training cohort. It would be tested in the validation cohort. 
Nomogram Validation
The building of a radiomics nomogram was assessed by calibration curves in both training and validation cohorts. The discrimination power of the predicting model was evaluated by Harrell's concordance index (C-Index) [25] . We used the bootstrap approach for resampling in 1000 times, to calculate the C-index with 95% confidence intervals [26] in both cohorts. The calibration curves were drawn for assessing the agreement between the predicted results and true outcomes of LN metastasis [27] . The decision curve analysis was introduced to evaluate the quantified net benefit of our prediction model in the validation cohort [28] .
Statistical Tools
We performed the statistical analysis in R (version 3.3.0; http:// www.Rproject.org). The used R packages of this paper are listed in the Supplementary Table S1 . The statistical significance levels were all set as two-sided at P = 0.05 in our report. We assessed the calibration curves with the Hosmer-Lemeshow test. The Hosmer-Lemeshow test is a common statistical test for evaluating the goodness of fit for logistic regression. Common comparisons of patients' characteristics were conducted by a two-sample t-test for continuous variables. Fisher's exact test and χ 2 test were used for categorical variables. The Mann-Whitney U test was utilized for testing the potential correlation of the radiomics signatures and the LN status in both training and validation cohorts. We introduced the inter-observer correlation coefficients (ICCs) to assess the agreement of extracting features by two-level radiologists. The model coefficient trendlines of the 788 radiomics features. The profile graph was plotted by coefficients against the L1 norm (inverse proportional to log λ). Note:
1. prefix of "a1", "a2", "hd" mean the different densities and directions of the wavelet transform performed in Matlab 2. suffix of "0", "45", "90","135" mean the directions of gray-level matrix directions. 
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Results
Patients' Characteristics
Patients' characteristics with statistics are listed in Table 1 . There are 140 patients enrolled in the training cohort and 57 patients in the validation cohort. Two cohorts have no significant difference in the LN metastasis (P = 0.734, χ 2 test). There were no significant differences in other factors. We have found that the accuracy of the CT reported LN metastasis number in our cases was quite low (0.59), and with an extremely high false negative rate (0.64).
Selected Radiomics Features
Based on the elastic-net approach in the training cohort, we selected the features with non-zero coefficients. As a result, 13 radiomics features were screened out from 788 features. Figure 3 illustrates the parameter Table 2 lists the name and description of the selected features. The inter-observer correlation coefficients (ICCs) between two radiologists' agreement is 0.873 (0.758 to 0.921, 95% CI).
Radiomics Nomogram Development
We employed the selected features in the last section to build the radiomics signature, which is the linear combination of the logistic regression model with the selected features. The radiomics signature's discriminative power of the LN metastasis was assessed by two ROCs in the both cohorts correspondingly (Figure 4 ). Radiomics scores (Rad-scores) of patients were calculated through the elastic-net model with selected features with their corresponding weights. Figure 5 shows each patient's Rad-scores in both the training cohort and validation cohort. We enrolled the Rad-scores, the status of the suspected LNs by the CT report and tumor positions as factors in a multivariable logistic regression analysis to build the personalized LN status prediction model. The coefficients of the model are listed in Table 3 . All factors met the significant level, but the "CT Report LN status" was on the edge of significance. Hence, we discarded this factor out of our model. Subsequently, the radiomics-based nomogram was developed by the prediction model ( Figure 6 ).
Validation of the Radiomics Nomogram
We achieved an acceptable calibration in the validation cohort as shown in Figure 7 . The Hosmer-Lemeshow test showed that the statistical difference between the calibration curves and the ideal curves was non-significant (P = 0.541 for the training cohort and P = 0.093 for the validation cohort). The C-index of the radiomics-based nomogram was 0.768 (0.672 to 0.864, 95% CI) for the training cohort and 0.754 (0.603 to 0.895, 95% CI) for the validation cohort. The decision curve analysis (DCA) for the prediction model derived from the radiomics-based nomogram is presented in Figure 8 . The DCA showed that our prediction model had a better net benefit than either the treatment or no treatment schemes when the threshold probability was greater than 0.15.
Discussion
In the present study, we developed a predictive model of preoperative EC LN metastasis. The model incorporated three factors: radiomics signature, CT reported suspicious LN number and the tumor position to predict the LN metastasis status. The radiomics signature was significantly associated with the risk of LN metastasis. The nomogram was derived from the prediction model with good calibration and validation. The nomogram has the potential to assist in a preoperative clinical diagnosis, to some extent, which is intuitive to clinicians.
Selecting features from a massive feature pool is the key procedure of a radiomics study. The less useful features can streamline the prediction model and prevent overfitting issues. In this study, 13 features were screened out from the 788 features' pool using the elastic-net approach, which also created a radiomics signature simultaneously through the embedded logistic-regression. According to some statistical modeling reference [29] , 13 features of the 197 cases had a proper ratio for building the prediction model that could avoid overfitting. Hence, we found similar ROCs with close AUCs (0.806 and 0.771) in two cohorts of the radiomics signature for the discrimination power of the LN metastasis (Figure 4) . The selected radiomics features with a description are listed in Table 2 . Features of "Length" and "Energy" are highly consistent with the normal radiological experience, which describes the external contour information of the tumor. The longer length and higher CT enhanced values mean more tumor invasions, hence this leads to higher risk of LN metastasis. These two features can be captured by naked eyes, but our model quantified those experiences into accurate coefficients and factors. The feature of "Kurtosis" is a common measure of a CT gray-level histogram. It often appeared in the early year's medical image post-processing studies. The feature of "GLRL_RLN_45" and the resting wavelet features mainly represent the texture complexity of tumors. Several papers proved that the texture information of tumors is highly associated with the tumors' heterogeneity, and the heterogeneity is closely related to the patient's prognosis [22, 30] . Yip et al. introduced this idea into their recent research in EC [18] . Our results supported this view, and we also demonstrated that these features are associated with esophageal cancer LN metastasis. Sequentially, the radiomics signature combined these multiple imaging features into one biomarker, "Rad-score", involved in a multivariable logistic regression model. We sorted all patients' Rad-scores with the labeled LN status in Figure 5 . It clearly shows that the Rad-score could potentially separate the two types of patients. The corresponding statistical tests have also confirmed that the radiomics signature could be considered as an image-biomarker. The radiomics signature occupied a dominating factor position in our model-derived nomogram, compared to the "Position". It means the radiomics signature has better discrimination power compared to the classical radiologists' perspective. On the other hand, many researches are currently working on various novel prognostic markers for EC patients [31] . Our proposed potential image-based biomarker is preoperative, noninvasive and low-cost. Identification of lymph node metastases on CT imaging is often difficult, especially for nodal micrometastases. In our study, the accuracy of conventional CT evaluation of lymph node metastases was only 0.61 with a false negative rate of 0.66. The meta-analysis supports this low rate result [32] . However, the radiomics signature achieved the AUC over 0.75 (with reasonable sensitivities and specificities), and the accuracy was over 0.8 (Figures 4 and 5) . We believe it is a gratifying improvement for non-invasive approaches. Prediction model included the CT reported status and position of conventional CT factors and they also showed the ability of differential diagnosis for the LN status, especially for the position. Some reports showed that the position of the EC was correlated with prognosis, so a dummy variable procedure was used for the risk degree of the position, and it works in the model. A nomogram was built to assist radiologists in providing predictive information by simple scoring, and any other new useful factors could be absorbed into the model to elaborate the model of the nomogram.
Patients without LN metastases (N0) accounted for the majority in our datasets. This is because we take the surgical treatment as the first choice for early stage EC patients (T1 or T2) in China. For advanced patients (T3 or T4), we tend to take the strategy of chemotherapy first and then surgery, those patients are out of the inclusion criteria. The norms maybe different between west countries and the East Asia. West countries normally thought Controversies is still going on regarding the optimal surgical approach for better patient overall survival. In Western countries, more attention is paied to transhiatal or transthoracic procedures [33, 34] . The transthoracic approach is widely used in China, however, the debate between the left and right thoracic approaches is still ongoing. The left thoracic approach shows advantages of a single incision and adequate exposure of the hiatus, but difficulty for sufficient lymphadenectomy in the upper mediastinum. On the contrary, the right thoracic approach aims to increase the survival by offering sufficient radial lymphadenectomy [9] , even after several years of being recommended by the Chinese Anti-Cancer Association [35] . Meanwhile, it was reported that extent of lymph node dissection should accord to the incidence of metastasis [36] .
A pooled sensitivity of 80% and specificity of 70% of N-staging were reported in a recent meta-analysis including both EUS and EUS-FNA studies [32] . Both understaging (3 %) and overstaging (25 %) of lymph node involvement were reported [37] . A study that compared EUS (without FNA) with FDG-PET and CT found that the accuracy of EUS was not significantly higher than FDG-PET or CT (75%vs. 66%and 63 %, respectively, P N 0.05) [38] . Similar results were found in a third study where the accuracy of EUS in diagnosing lymph node metastases was 65 % and only 44 % for small-sized lymph node metastases (b1 cm) [39] . Likewise, the limited value of CT in determining lymph node status is indicated by a meta-analysis reporting a sensitivity of 50 % (95% CI 41-60 %) and specificity of 83 % (95% CI 77-89 %) [32] . Regarding FDG-PET in the assessment of regional lymph node metastases, a meta-analysis revealed a poor pooled sensitivity of 51 % (95% CI 34-69 %) and specificity of 84 % (95% CI 76-91 %) [40] .
Limitations of the present study include three aspects. First, the amount of dataset information is inadequate. Commonly, a larger amount of data will improve the confidence and performance of our model. Second, there was only one imaging modality in our study involving dynamic contrast enhanced images and more image modalities, such as MRI, which will expand the feature pool and may find more valuable radiomics features. Finally, the genomic information was not considered in our study. Currently, many works are seeking the correlation between genetic markers and image features so-called "radio-genomics". The red line represents our personalized prediction model. The x-axis is the threshold probability and the y-axis is the net benefit. The decision curve shown by the pink line (our prediction model) received more net benefit when the threshold probability was larger than 0.15. Hence, if the patient would choose the treatment when his probability of cancer was larger than 15%, then he would receive benefit from taking our radiomics-based nomogram guidance.
